INTRODUCTION
Owing to the high prevalence of malnutrition worldwide, children aged 0-5 year(s) have received much programming attention. The focus of such interventions is on reducing the prevalence of malnutrition; thus, these interventions give children a fair chance of survival, growth, and development. Typically, most interventions target all under-five children. Occasionally, child-level factors (birth, weight, age) and maternal factors (maternal nutritional status during pregnancy) are used in further refining the targeting of children at higher risk of poor growth. Also, more efforts are put in targeting children during developmental windows where interventions have the most impact, such as age for complementary feeding and reaching children who are not reached by high-impact interventions. Commendable as these interventions are, there is a growing evidence that commands programmers' attention to the influence of the household and community environments on child nutrition (2) (3) (4) (5) .
tives. In our literature search, we could not come across any study that has endeavoured to fit Botswana data into multilevel models.
MATERIALS AND METHODS
In social sciences where data are collected from randomly-selected samples as a way of reducing bias, multistage cluster sampling of grouped sampling units selected in a hierarchical manner is used. This is a preferred method because of its cost-effectiveness. In analyzing data from this type of study design, one needs to account for possible correlation in the characteristics of observations drawn from a common cluster, hence, calling multilevel analysis. The method calls for a distinction to be noted between aggregated levels and individual levels (6) . The method is subsequently referred to as within-group and between-group regression (7) (8) in the discussion of regression intercepts and slopes of one level as an outcome on the higher level. Multilevel analysis, as a method of analyzing data with pattern-complex variability with a focus on nested sources of variation is described by Snijders and Bosker (9) . The method utilizes mixed models (random and fixed effect) and, hence, ably deals with dependency (correlated responses) that emanates from using multistage cluster sampling. One of the assumptions in linear modelling is that of independence between observations but, in this case, the assumption is violated since households in selected communities have their probability of selection being enhanced once such community has been selected. Moreover, responses within households or even communities are likely to be correlated, creating some dependency. A mixed model, henceforth, is able to deal with fixed effects at both community and individual levels while quantifying the variance component contributed by a sample of groupings (random effect) of responses at the community level. The arrival of general mixed linear model (10) as a statistical model, therefore, crystallized the analysis of variance, even though the mixed models seem to have been used prior to this (11) . Mixed linear models with different link functions that include probit, logit, and inverse log known as generalized mixed linear models were subsequently used by Kachman (12) .
Health survey data
The authors used a nationally-representative crosssectional data from 2007 Botswana Family Health Survey (BFHS) to determine the individual-, household-and community-level effects on the nutritional status of children aged 0-5 year(s). Reference is made of the Central Statistics Office (CSO) 2009 study report for the details of the multistage sampling procedures used (13) . The survey is conducted once in every 10 years. The data were collected using a two-stage process, by first sampling enumeration areas (EAs) proportionately from each district based on their population-sizes as established during the 2001 census survey. An EA is defined as an area consisting of an average of 100-250 households that share some common amenities, like street, shops, clinic, etc., thus constituting a community. The second stage entailed a systematic selection of households within each randomly-selected EA, guided by sampling frames available for each EA. Households were further stratified by whether these were drawn from EA that belonged to either rural (small villages, lands, and cattle posts/farms), 'urban villages', or cities/towns, for their regional location. 'Urban villages' are operationalized as settlements with a population of 5,000 inhabitants and naturally consist of several EAs or communities.
Once a household was randomly selected, information and nutritional and demographic characteristics of all eligible children in the household was collected as reported by a parent or legal guardian. Household data were collected using the household questionnaire. The questionnaire was developed in collaboration with key stakeholders, inclusive of the government ministries and development partners. These were pilot-tested prior to the use. The questionnaire had several sections, inclusive of sociodemographic characteristics, housing characteristics, employment status, and other economic characteristics, education, and social characteristics. The survey instruments are available in the BFHS report (13) . Data pertaining to anthropometric measurements were also taken. Weight and height measurements were collected by trained research assistants. Children's weights were measured to the nearest 0.1 kg, using Seca Scales, Model 871. Standing height was measured for all children over two years of age while length was measured for all those who were aged 2 years or younger. The length/height was measured to the nearest 0.1 cm.
For this study, the child-level variables selected for analysis were age, gender, birthweight, and whether the child has ever been breastfed. The householdlevel variables of interest were caregivers' characteristics (gender, age, education, and employment status) and household wealth status. The household wealth scores were created using factor analysis for household assets and access to basic services, inclusive of the ownership of house, quality of housing, JHPN 278 access to water, toilet facilities, sources of cooking and lighting energy, and ownership of assets. The outcome indicators of children's nutrition were zscores of weight-for-age (WAZ), weight-for-height (WHZ), and height-for-age (HAZ), which were standardized using the WHO Anthro software.
Since children within a household can only belong to that household and a given household is found in only one community, these units are nested within each other. The sample consisted of 393 geographic enumeration areas (EAs), 7,860 households, and 2,822 children aged 0-5 year(s).
Statistical analysis
Total variation in the children's characteristics can be attributed to two sources: variation among children and variation due to the cascading sampling levels. The use of multilevel approach in explaining malnutrition among the under-five children was applied to the Nigerian Demographic and Health Survey data on under-five children by Uthman (14) , using a generalized linear model with a logit link function. However, dichotomizing of the nutrition status into whether one is malnourished or not is only helpful when the focus is on understanding undernutrition; it does not simultaneously address the issue of obesity which is fast becoming a topical issue in Botswana (15) .
Because of the nature of design used in collecting the survey data, the sample is potentially clustered on three levels: individual (Level 1), household (Level 2), and community (Level 3). In studying the individual, household and community effects on the nutritional status of children aged 0-5 year(s), the authors analyzed the data by developing three simple variance components regression models on the standardized scores of the response variables. In the first model, we assessed whether each nutritional indicator varies across individuals, households, and communities by fitting the three-level random intercept model with no observed covariates (the empty model). The percentage of total variation in the dependent variables attributable to clustering at levels was referred to as the community intra-class correlation coefficient and was used as a measure of contextual effects. The Level-3 intraclass correlation expressing the likeness of children from the same community were approximated by where υ 2 is the community-level variance, τ 2 is the household-level, and σ 2 is the individual-level variance. In the second model, householdlevel factors were added to the empty model while the third model included all household factors together with individual factors and a general mixed linear model (16, 17) of the form fitted:
where Y is a vector of responses from individuals (Level 1); μ 0 is the population grand mean; β is a vector of parameters associated with individual characteristics X, given in a matrix form γ is a vector of parameters associated with household characteristics Z, also given in a matrix form R k is the Level-3 effect of the k th community while U jk is the Level-2 effect of the j th household nested within k th community; and ε is the error term which is assumed to be normally distributed. Each child's response within a household deviates from the true mean by some value ε while households differ from one another as reflected by U jk and R k , which, in this case, are all treated as random effects. To establish whether households' socioeconomic status was an important predictor of height-for-age, weight-for-age, and weight-for-height, the wealth scores were taken as fixed effects. Three cascading mixed models were fitted on each of the three response variables, and all these were done using SPSS (version 20.0) (18) and R (version 2.14.1) software.
RESULTS

Sociodemographic variables
The survey covered a total of 2,822 children aged less than five years but complete information on the basic demographic characteristics of children was missing in some variables. Of the 2,822 children sampled, only 2,719 had information on their ages recorded. With respect to other variables, fewer than 2,719 children had complete information on each of these variables. Figure 1 shows that, in general, the average nutritional indicators tended to improve with higher levels of wealth in the household. Using a Student's ttest on the means for age, height, BMI, and weight, no statistical difference was observed between male and female children on the first three variables, except for weight where males markedly displayed higher average weight (p<0.001) ( Table 1) . Similarly, using a homogeneity test for equality of proportions, no difference between genders of children sampled from various households with different wealth scores was found. 
Modelling height-for-age
A general linear model shown below was used in assessing the effect of household and community effects on children's height-for-age. The model, referred to as Model I, only had a three-level random intercept.
The intra-class correlation at Level 3, expressing the likeness of height-for-age z-scores for children in the same community, is 2% (ρ II =0.022) while that for children in different households within the same community is 17% (ρ I =0.165) and is significantly different from zero. This shows that, while ignoring other factors, 17% of variation in height-for-age is attributed to differences in households within a community, (Figure 2 ). Considering the Level-2 model, we see that the intra-class correlation, which expresses likeness in height-for-age for children in different households within a community, is estimated at 0.99. This suggests that households within a community contribute more variability in the height-for-age z-scores than when community groupings are considered alone ( Table 2 ).
The second model (Model II) was built around Model I consisting of the same parameters but now including factors measured at the household level while controlling for wealth indicator, which is considered a fixed effect.
Whereas the individual unit variance in this model is estimated to be σ 2 =5.015 and is significantly different from zero, the estimated betweencommunity effect variance component is only υ 2 =0.073, with an estimated intra-class correlation of ρ II =0.012.
When controlling for wealth score of a household, education of caretaker and age of caretaker, the estimated intra-class correlation between children in different households within a community is 15% (Figure 2) . The effect of different levels of economic status for different households significantly affected height-for-age of children in varying ways, with children from well-off households showing comparatively better height-for-age z-scores. Comparing children in households where a caregiver had secondary education, other educational levels lower than secondary did not affect the heightfor-age z-score of the child. The explained Level-1 proportion of variance (analogous to R 2 ) (9) by introducing fixed effects at the household level to an empty model was 1%. Despite this low proportion of explained variance, fixed effect variables were essential in this model as evidenced by the change of 2,526.65 in the model deviance. Model III consisted of all the fixed effects at the individual and the household levels plus the random effects used in earlier models as shown below, yielding increased intra-class correlation for both between-households nested within communities and between-communities at 15% and 5% respectively.
The child-to-child variation is estimated to be σ 2 =3.508 while the explained proportion of variance as result of including all fixed effects into an empty model was R 2 =26%. The model deviance value has further reduced by 6,940 from the original empty one.
It is clear that, at the child level, height-for-age scores were influenced by age of the child. Compared to children aged 4 years or more, those less than one year had better height-for-age z-scores while the rest of the groups were comparatively worse-off. Children with elevated birthweight were significantly Var.=Estimated variance; VPCH=Variance partition coefficient-household more likely to have higher height-for-age z-scores than those weighing less at birth while males were significantly disadvantaged than females. While controlling for individual traits of children, the major source of variation in height-for-age attributable to household is wealth status of household.
Modelling weight-for-age
The empty model I (Table 3) , which only has a random intercept and three-level model, was fitted in a hierarchical order for the weight-forage variable. The estimated error term variance of σ 2 =1.618 (p<0.001) was obtained, which measured within-subjects variation while the Level-3 (community) components yielded a variance of υ Var.=Estimated variance; VPCH=Variance partition coefficient-household different from zero. The likeness of weight-for-age z-scores ( Figure 2 ) for children between households in the same community was 12% (ρ I =1.122) while the likeness between children in different communities was only 7% (ρ II =0.066). Once again, this demonstrates the variation that exists between households in different communities, making it crucial to analyze children's nutritional growth at the household level within communities.
In Model II, factors measured at the household level, i.e. traits pertaining to caregiver as well as household wealth score as fixed effects, are included. The within-group variance reduced slightly while the community effect variance was reduced to 0.075 (p=0.003); hence, an estimated intra-class correlation of ρ II =0.040 implied that the likeness in terms of weight for children in different communities was only 4% while that between children in different households within a community was 11% ( Table 2 ). As for the fixed effect, while controlling for random effects, we observed that, at the household level, wealth status of household and education level of caregivers influenced changes in weight-for-age z-scores. Children in households that reported wealth status lower than those identified as the richest households and a primary or lower education level compared to secondary level for caregivers tended to have lower weight-for-age z-scores. Even though these variables were statistically related to weight scores, their contribution alone to the model was minimal. The explained Level-1 proportion of variation due to variables at the household level was 5%. The model-fit deviance change was 159.76.
Considering the child-level characteristics (Model III), children who had a higher birthweight and were female were, on average, more likely to have higher weight-for-age z-scores. In benchmarking on children who were four years of age or older, younger children had better weight-for-age z-scores, even though only those aged less than 24 months were statistically different (each with p<0.001) ( Table 3) . Of interest to note is that, inclusion of child's characteristics in the model changed the effect that caretaker's age has; a child whose caretaker was aged less than 25 years tended to have lower weight-for-age z-score. Whereas the total estimated variance for this model was reduced, the likeness of weight-for-age z-scores for children in different communities increased slightly to 6% while that of children in different households within communities remained at 10%. Thus, the explained Level-1 proportion of variation due to inclusion of both household level and child's characteristics in the model was 11%. We also noted a drastic change of 2,000.84 in the model deviance value as a result of including child's characteristics in the model.
Modelling weight-for-height
An approach similar to the ones used for the two previous variables was used in analyzing weightfor-height which is a good indicator for wasting among children. The empty Model I (Table 4) yielded a total variance of 4.439, revealing a moderate household-to-household variation in relation to weight-for-height z-scores. A variance of 0.511 (p=0.002) was attributed to between-households nested within a community variation with an intra-class correlation value of ρ I =0.115 while that between communities was only ρ II =0.029.
Model II was obtained by adding wealth status variable as fixed effect and other caregivers' attributes measured at the household level (age of caregiver and education of caregiver). It is clear that, from the included fixed effects, weight-for-height zscores were significantly influenced by wealth status score of the household only, though minimally. Once again, compared to rich families, all other children from families with economic status below the rich were disadvantaged and, hence, were more susceptible to wasting than the rich. The estimated total variance has reduced slightly to 4.402 while the between-community variation reduced down to υ 2 =0.097, giving a between-community intra-class correlation of ρ II =0.022 and that between households in a community reduced to ρ I =0.113. A change of 86.92 in model deviance was recorded as a result of the inclusion of fixed effect variables. The explained Level-1 proportion of variation due to fixed-effect variables is less than 1%.
Finally, Model III encompassed variables that measured the characteristics at the individual level of age, birthweight, and gender of the child. While controlling for other variables, comparing each category with the richest family status, the average difference between the richest and the fourth category of wealth status was not statistically significant while that between the richest and the third category (median economic status) showed the largest difference. Furthermore, comparing older children (48-59 months) with all other younger age-groups showed that a younger child had better weight-for-height z-score. Meanwhile, on average, those children born with higher birthweight tended to have better weight-for-height z-score. Total estimated variance has decreased slightly while individual estimated variance was accentuated to σ 2 =3.827, lowering the intra-class correlation between households in the same community to 8%. Despite a significant reduction in the model deviance (2,334.80), the model-fit was moderate as the fixed effect variables explained 6% proportion of variation in the weight-for-height z-scores.
DISCUSSION
Whereas certain variables at the household and individual level influenced differences in child's nutritional indicators, part of this variation in this study is attributable to the differences in households and communities. Consistent and in agreement with observations from other authors, children in households with low resources fared worse Var.=Estimated variance; VPCH=Variance partition coefficient-household compared to those in well-resourced households (19) . Unlike household wealth, other householdlevel variables, like different levels of caregiver's age and education, influenced some child growth indicators more than these did in others. Similarly, at the individual child level, the age of the child influenced all the variables while the influence of birthweight and gender on the child's growth depended on the nutritional indicator being considered.
These findings confirm observations by others (20) that the child-level factors do explain some of the variation in the risk of child nutrition and should, therefore, be considered in targeting the needy. However, there are household-and communitylevel factors that also should be considered on their own merit (3, 5, 19, 21, 22) . Significant among these are variations in households, especially in terms of household wealth status and variations in environments at the community level. While it is, indeed, easier to target specific children based on their age, birthweight, and current growth indicators, this is unlikely to address household-level environments that led to the poor nutritional status of the affected children. Targeting affected children is necessary from a recuperative perspective but the benefits are short-lived and are unlikely to correct the nonsupportive household and community environments or minimize their adverse effect on other children in the future.
Evidence from this study and others (19) support the use of household asset profile to identify and target households with children at risk of poor growth indicators for interventions. Targeting households is consistent with the communal manner in which households in some societies typically disburse their resources. Therefore, rather than targeting the child, the interventions would target the household as a unit and deliver interventions that empower households to care for the children. Such interventions are less prone to leakages (23) . Further, unlike the targeting of children, which is normally narrowed down to the child and the caregiver, approaches that target households as a unit are likely to engage the community because these influence environments where households within a community share.
